Up to now there is neither data available on how many errors can be expected in process model collections, nor is it understood why errors are introduced. In this article, we provide empirical evidence for these questions based on the SAP reference model. This model collection contains about 600 process models expressed as Eventdriven Process Chains (EPCs). We translated these EPCs into YAWL models, and analyzed them using the verification tool WofYAWL. We discovered that at least 34 of these EPCs contain errors. Moreover, we used logistic regression to show that complexity of EPCs has a significant impact on error probability.
Introduction

1
There has been extensive work on formal foundations of conceptual process 2 modeling and respective languages. However, little quantitative research has 3 been reported on the actual use of conceptual modeling in practice [1] . over, literature typically discusses and analyses languages rather than evalu- 5 ating enterprise models at a larger scale (i.e., beyond "toy examples"). A fun-6 damental problem in this context is that large enterprise models are in general 7 not accessible for research as they represent valuable company knowledge that 8 enterprises do not want to reveal. In particular, this problem affects research 9 on reference models, i.e., models that capture generic design that is meant 10 to be reused as best practice recommendation in future modeling projects.
11
Accordingly, it is so far neither clear how many errors can be expected in 12 real-life business process models; nor is it clear why modelers introduce errors 13 in process models. 14 One case of a model that is, at least partially, publicly available is the SAP 15 reference model. It has been described in [2, 3] and is referred to in many re- [10] as a means to verify their correctness using the relaxed-soundness criterion 27 [12,13]. In a relaxed sound process there is a proper execution sequence for 28 every element, but a proper completion is not guaranteed. We have to stress 29 that this analysis yields a lower bound for errors since there are process models 30 2 that are relaxed-sound but not correct against the more restrictive soundness 31 criterion [14] . To be more concise, our analysis covers only formal control flow 32 errors that affect relaxed soundness. Beyond verification of formal correctness, 33 a process model must also be validated to make sure that all real-world sce-34 narios are handled as expected [15] . Since WofYAWL cannot check whether 35 real-world processes are modeled appropriately, validation is not subject of 36 our analysis. As a consequence, it has to be expected that there are more 37 errors than those that we actually identify using the WofYAWL verification 38 approach.
39
It is a fundamental insight of software engineering that errors should be de-40 tected as early as possible in order to minimize development cost (see e.g.
41
[16,17]). Therefore, it is important to understand why and in which circum-42 stances errors occur. Several research in software engineering was conducted 43 on complexity metrics as determinants for errors (see e.g. [18] [19] [20] [21] [22] understood. We will use the sample of the 604 EPC business process models of 48 the SAP reference model to test whether errors in terms of relaxed-soundness 49 can be statistically explained by complexity metrics.
50
The remainder of this article is organized as follows. Section 2 describes the 51 design of our quantitative study. In particular, we discuss the mapping of 52 EPCs from the SAP reference model to YAWL models, the analysis tech-53 niques employed by WofYAWL, and the identification of how the models can 54 be corrected. In Section 3 we focus on the analysis of the EPCs in the SAP 55 reference model. First, we calculate descriptive statistics that allow us to get 56 a comprehensive inventory of errors in the SAP reference model. Secondly, we 57 investigate the hypothesis that more complicated models have more errors.
58
This hypothesis was suggested in [23] , and we analyze it using different com-59 plexity measures and by testing whether they are able to explain the variance 60 of errors, i.e. how errors are distributed across EPCs with different measures.
61
The results allow us to conclude which complexity metrics are well suited to 62 explain error variance and that the impact of complexity on error probability 63 is significant. Subsequently, we discuss our findings in the light of related re-64 search (Section 4) and conclude with a summary of our contribution and its 65 limitations (Section 5).
66
Detection of Errors in EPCs
67
In this section, we present the way we evaluated the SAP reference model. In 
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92
Function type elements capture activities of a process (rounded boxes).
93
In the EPC there are three functions capturing the "Certificate Profile and
94
Profile Assignment", "Creation of a Quality Certificate", and "Edit Recip-95 ient of Quality Certificate" activities.
96
Event type elements describe pre-and post-conditions of functions (as hexagons).
97
Accordingly, the EPC model for "Certificate Creation" in Fig. 2 transformation from EPCs to YAWL that has been recently defined in [25] .
128
The advantage is that each EPC element can be directly mapped to a respec-129 tive YAWL element without changing the behavior (see Fig. 3 model that includes all execution paths that can be taken in the EPC. We 163 will exploit this later when using the relaxed soundness criterion. • Task "or (c8yr)" may not receive control from task "and (c8z0)",
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223
• Task "or (c8z9)" may not receive control from task "and (c8z0)",
224
• Task "or (c8yr)" may be an XOR-join instead of an OR-join,
225
• Task "or (c8z9)" may be an XOR-join instead of an OR-join.
226
These warnings indicate that there is a problem involving the top four con- nector is not allowed to occur, the two OR-joins could as well be XOR-joins.
231
In Section 2.4 we will show how these diagnostics can be used to repair the 232 problem.
233
In the analysis we use transition invariants to avoid constructing large or 234 even infinite state spaces [10] . However, the mapping shown in Fig. 3 we propose to repair the EPC as shown in Fig. 6 . 
Descriptive Statistics
279
The sample of the SAP reference model that was available for this research is 280 organized in two orthogonal dimensions: hierarchy levels and branches. their limited cognitive capabilities, and then introduce errors that they would 312 not insert in a small model. Accordingly, we define the following hypotheses:
313
• S 1 : A higher number of events E increases the error probability.
314
• S 2 : A higher number of functions F increases the error probability.
315
• S 3 : A higher number of connectors C increases the error probability.
316
• S 4 : A higher number of arcs A increases the error probability. 
338
• C 1 : EPCs with cycles have a higher error probability than EPCs without.
339
• C 2 : A higher SC value of an EPC increases the error probability.
340
• C 3 : A higher JC value of an EPC increases the error probability.
341
• C 4 : A JSR value different from one increases the error probability. 
360
• EP 1 : A higher number of start events increases the error probability.
361
• EP 2 : A higher number of end events increases the error probability.
362
• EP 3 : A higher number of XOR/OR-splits and AND-joins in an EPC in-
363
creases the error probability.
364
• EP 4 : A higher number of AND/OR-splits and XOR-joins in an EPC in-
365
creases the error probability. shows how these variables can be linked to the discussed hypotheses. 
Testing of Error Determinants
373
We now utilize the analysis table of the SAP reference model (cf. Fig. 1) to test the significance of our hypotheses. The potential determinants listed in Table 3 serve as input variables to explain the variance of the dependent variable "hasError". As the dependent variable is binary, we use a logistic regression (logit) model. The idea of a logit model is to model the probability of a binary event by its odds, i.e., the ratio of event probability divided by non-event probability. These odds are defined as logit(p i ) = ln( 
The relationship between input and dependent variables is represented by an The significance of the overall model is assessed by the help of two statistics. to the size of the model seem to be the best predictors for errors.
402
In a second step we tested multivariate logit models combining all input vari-403 ables. e.g., using the "Complete Model" 3 of the 604 models were predicted to have 410 errors but did not have any. Table 4 shows that in the "Complete Model" the 411 number of OR-joins is significant (Wald sig. is 0.3%) and has a considerable 
